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Hospital, Boston, MassachusettsABSTRACT The diffusion of receptors within the two-dimensional environment of the plasmamembrane is a complex process.
Although certain components diffuse according to a random walk model (Brownian diffusion), an overwhelming body of work has
found that membrane diffusion is nonideal (anomalous diffusion). One of the most powerful methods for studying membrane
diffusion is single particle tracking (SPT), which records the trajectory of a label attached to a membrane component of interest.
One of the outstanding problems in SPT is the analysis of data to identify the presence of heterogeneity. We have adapted a first-
passage time (FPT) algorithm, originally developed for the interpretation of animal movement, for the analysis of SPT data. We
discuss the general application of the FPT analysis to molecular diffusion, and use simulations to test the method against data
containing known regions of confinement. We conclude that FPT can be used to identify the presence and size of confinement
within trajectories of the receptor LFA-1, and these results are consistent with previous reports on the size of LFA-1 clusters. The
analysis of trajectory data for cell surface receptors by FPT provides a robust method to determine the presence and size of
confined regions of diffusion.INTRODUCTIONMolecular diffusion in the viscous environment of the
membrane is subject to a variety of regulatory mechanisms.
Observations in a number of systems have found that compo-
nents of the membrane do not follow Brownian diffusion
(1,2), but are instead anomalous (3,4). Methods to probe
membrane diffusion include fluorescence photobleaching
recovery (FPR) (5), single-particle tracking (SPT) (3), and
fluorescence imaging (6–8). The lateral mobility of mem-
brane components can be a critical factor in receptor func-
tion (9); therefore, tools to quantify changes in mobility
are essential to understanding membrane biology. Several
mechanisms have been proposed to account for anomalous
diffusion, including the presence of obstacles, binding to
cytoskeletal components, and membrane heterogeneity
(10,11). Single-particle tracking has proven to be a powerful
method for probing these systems, and has helped to illumi-
nate many mechanisms of membrane diffusion in specific
systems (12).
Single-particle tracking provides trajectories of molec-
ular diffusion within the membrane, and therefore methods
to analyze these trajectories are of primary concern. The
most prevalent analysis used in SPT is based on a mean-
squared displacement (MSD) algorithm introduced by
Qian et al. (13). This algorithm applies a sliding window
to the trajectory to calculate MSD as a function of time.
The resulting curve can be used to identify trajectories
that follow Brownian diffusion (linear with time), orSubmitted June 15, 2010, and accepted for publication January 28, 2011.
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0006-3495/11/03/1463/10 $2.00experience confined diffusion (negative deflection) or diffu-
sion under flow (positive deflection) (3). This analysis can
therefore be used to sort individual trajectories by their
behavior (14). Here, we use the term macroheterogeneity,
to characterize differences between individual trajectories.
Strategies to deal with the presence of subpopulations
have varied. One strategy is to apply a criterion to a data
set; for example, one can choose to exclude trajectories
from analysis that have unusually slow diffusion as immo-
bile particles (14). Alternatively, MSD data that contain
a large range of diffusion coefficients can be analyzed as
consisting of multiple subpopulations. This approach has
been applied in a variety of receptor systems, including
LFA-1 (15), CD2 (16), CD45 (17), and C3b (18). Population
analysis has revealed subtle differences between groups of
trajectories that may not be apparent from analysis of the
mean diffusion coefficients. However, one of the shortcom-
ings of population fitting of diffusion coefficients is that the
populations must be well resolved to be considered signifi-
cant. Recent improvements to this strategy have included
a Markov chain analysis, which enhances resolution
between subpopulations (19). Both exclusion and subpopu-
lation methods focus on the use of the diffusion coefficient,
and neither provides spatial insight into the data.
Methods for identifying microheterogeneity, or heteroge-
neity within individual trajectories, are less prevalent.
Notable examples of microheterogeneity analysis include
probability calculations to identify transient confinement
zones (TCZ) (20), and the application of a hidden Markov
model to detect multiple diffusive states within a trajec-
tory (19). Interestingly, application of the Markov chain
analysis reveals switching behavior within individualdoi: 10.1016/j.bpj.2011.01.064
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dard MSD analysis. The identification of specific regions of
confined free diffusion (also called hop diffusion) (21) and
TCZ are of particular interest for identifying the presence
and role of lipid rafts and receptor clusters in signaling
(22). Existing methods for identifying confinement rely on
several threshold parameters (23,24).
Thus, a general problem in the analysis of SPT trajectory
data is to identify the presence of heterogeneity within
a population as well as within individual trajectories
(Fig. S1 in the Supporting Material). We considered that
alternative methods of sorting SPT trajectories could
provide additional insight into membrane diffusion. We
explored algorithms that have been applied in ecological
models of movement. The presence of restricted motion in
animal movement, often referred to as an area-restricted
search, is a problem with features similar to confinement
in molecular diffusion. Animal movement paths are widely
explored in ecological research, because changes in move-
ment paths for individuals can give strong indications about
behavioral mechanisms. A common tool used to describe
macroheterogeneity in ecological data is the theoretical
net squared displacement formula, developed by Kareiva
et al. (25). In essence, the net squared displacement is a
generalization of mean-squared displacement, taking into
account short-term correlations between turning angles. In
application, the net squared displacement is comparable to
the MSD of empirical data. In the case that an individual
trajectory has an MSD sufficiently close to the net squared
displacement, the mechanism of movement of the individual
can be meaningfully described by the turning angle and
length distributions within the data (25). The underlying
model used for this analysis, the correlated random walk
(CRW), assumes that subsequent steps in a random walk
are correlated by means of a turning angle distribution.
The efficacy of the CRW is largely due to its ability to
describe random walks as well as diffusion with different
degrees of persistence (26). This approach has been used
to describe the movement of many species in a variety of
different environments (25–27). As a result, the CRWmodel
provides more descriptive insight than the scalar diffusion
coefficient alone.
However, the shortcomings of using this model are
apparent. Although movement paths that pass the CRW
test can be described succinctly by parameter distributions
(25), the classification of paths that fail the CRW test is
crude. If the CRW model is rejected for a movement path,
the cause may be a higher correlation between steps (25),
or more likely, a complicated process resulting in microhe-
terogeneity. In this regard, there is little information that can
be gleaned from model rejection. Similar to traditional SPT
analysis methods, decoding microheterogeneous structure
requires a finer scope.
Approaches to quantify microheterogeneity in animal
movement have been a vast area of inquiry. A commonBiophysical Journal 100(6) 1463–1472goal of analysis is to determine the spatial scale at which
animals concentrate their search efforts. Although the mech-
anisms that govern animal movement and molecular diffu-
sion are unrelated, the detection of a restricted area of
diffusion at the cell surface may provide insight into the
membrane environment. Variance of first-passage time
(FPT) is a method that has been developed to detect regions
of heterogeneity within paths, punctuated by changes in
turning rates or movement speeds (28). First-passage time
refers to the number of steps that an individual takes within
a circle of a given radius, r. Recording the FPT for a circle
with radius r centered on each step of a movement path
yields a distribution, and the variance of this distribution
is a measure of the amount of heterogeneity at the spatial
scale of r (29). By varying r, one can determine the spatial
scale that exhibits the most heterogeneity. The significance
of this spatial scale has been described with respect to the
searching and foraging behavior of a number of different
species (27,29,30) as the scale at which animals change their
movement most frequently. In effect, this measurement
provides an estimate for the size of confined or concentrated
regions of movement.
To the best of our knowledge, the potential for FPT anal-
ysis to determine the spatial scale of molecular movement
and to distinguish mechanisms in molecular diffusion has
not been explored before. In this study, we argue that the
area-restricted search of animal motion is analogous to
molecular confinement that is proposed to occur within
confinement zones, and apply FPT to the analysis of SPT
data. We demonstrate the use of the method in the context
of the lymphocyte adhesion receptor, LFA-1.
In previous studies of the molecular diffusion of LFA-1, it
was shown that cytoskeletal interactions with the receptor
were dependent on molecular conformation and the activa-
tion state of the cell (15). Analysis of LFA-1 clustering by
transmission electron microscopy (TEM) has shown that
LFA-1 resides in clusters on monocytes, and that these clus-
ters organize into larger macroclusters on engagement of the
ligand, ICAM-1 (31,32). The majority of LFA-1 clusters
observed were between 0–50 nm in size, a scale that should
be observable in SPT measurements (33,34). In this study,
we have reanalyzed the LFA-1 trajectories first reported in
Cairo et al. (15) using FPT as a method to identify the
size of LFA-1 confinement zones. To achieve this, we first
filtered out trajectories that could be described as a CRW.
The remaining trajectories were then analyzed by FPT to
identify confinement zones. We found that LFA-1 on resting
and activated cells showed evidence of confinement, and we
were able to determine an average size of confinement for an
activation epitope of LFA-1. Importantly, our findings are
consistent with previous TEM studies of the receptor where
LFA-1 was primarily found in a clustered state. We support
the FPT analysis with simulated trajectories, and propose
that this method can be used as a general approach for iden-
tifying regions of confinement within SPT trajectories.
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Random walk simulations
Simulated trajectories are based on a random walk. The nth position (xn, yn)
is described by
xn ¼ xn1 þ lncosðanÞ;
yn ¼ yn1 þ lnsinðanÞ; (1)
where distance ln ˛ L and absolute angle to the horizontal axis an ˛ U are
chosen at random with replacement (35). Additional restrictions are placed
on the algorithm to facilitate different model types. For simple random
walks, U is described by the uniform distribution, and L by a normal distri-
bution, whose variance is directly related to the diffusion coefficient via
s2 ¼ 4Dt (36), where t is the sampling rate. We simulate confined move-
ment within a small circular area by allowing a particle to move in or out of
a confinement zone of radius rc based on probabilities pi or po, respectively.
When the particle enters a confinement zone (with probability pi), that step
defines the center of the confinement zone. Within the confinement zone,
diffusion remains constant, but steps can only be taken within the radius
of the confinement zone rc. If a step is taken out of the confinement
zone, then the particle will leave with probability po, or the step will be
retaken with probability 1  po.Rejecting the correlated random walk model
The Patlak model is a partial differential equation that describes CRW
movement based on distributions of turning angles and step lengths (37).
The usefulness of the Patlak model is based on its reliance on parameters
that are easily estimated from empirical movement paths. For the purpose
of distinguishing macroheterogeneity among searching behaviors, Kareiva
et al. developed a theoretical mean-square displacement formula (25). The
expected MSD after n steps is given by
R2n ¼ nm2 þ 2m21
 
ðc c2  s2Þn c
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Here, L ¼ fligNi¼1 and Q ¼ fqigNi¼1 are the length and turning angle
distributions that are empirically derived from the experimental data (25),
and N is the total number of values accumulated over a population or an
individual trajectory. Note that turning angles are calculated for each
step, relative to the direction of the preceding step.
Equation 2 predicts the expected MSD of movement paths created by
empirical distributions. Thus, testing for data consistent with a CRW is
done by comparing observed and expected MSD curves using the length
and angle distributions found within the data set. A simple random walk
with no persistence—i.e., a randomwalk that could be generated by a single
diffusion coefficient—has a uniform angle distribution and a normal length
distribution. It is important to note that this type of random walk is a special
case of the CRW model.Given the stochastic nature of random walks, model testing was done
using the bootstrapping procedure prescribed by Turchin (26). We first
calculated the turning angle and length distributions from experimental or
simulated data. Using these distributions, and by conversion of turning
angles qn to absolute angles an, we generated groups of simulated pseudo-
trajectory paths (pseudotrajectory groups) by random selection of angles
and lengths with replacement. Pseudotrajectories were generated with
Eq. 1, and each pseudotrajectory group contained the same number of paths
as the original raw data. Using the algorithm introduced by Qian et al.
(3,13), we calculated the observed MSD of each pseudotrajectory group,
and generated a pseudotrajectory envelope from the collected MSD curves
of the separate pseudotrajectory groups. This envelope contained the ex-
pected mean-square displacement (Eq. 2) of the simulated pseudotrajectory
paths. We rejected the CRW model if the observed MSD of the data fell
outside the pseudotrajectory envelope.
We applied this procedure to individual trajectory paths, such that each
trajectory was bootstrapped with 500 simulated groups. We evaluated the
rejection of the CRW model based on the presence of the observed MSD
lying outside the range of the MSD of the simulated trajectories. Failure
of the test for individual trajectories may indicate that a higher degree of
correlation is involved in the regulation of movement. To test for artifacts
of autocorrelation due to oversampling, we repeated the bootstrapping
test for the CRW using undersampled versions of the data (26).Calculating first-passage time
The first-passage time, Tr(n), of each path was calculated by counting the
number of steps taken within a circle of radius, r, centered at each point
(xn, yn) of the trajectory (29). An increased radius allowed for more of
the trajectory to be captured within this frame of reference; thus, a more
tortuous path segment gives a larger value of Tr(n) for that range. The vari-
ance of these values over the entire trajectory was denoted by
SðrÞ ¼ var½logðTrðnÞÞ; (3)
which provided an indication of the degree by which the trajectory changed
its movement behavior from linear to more tortuous movement. The log-
transform has been prescribed to make S(r) independent of the mean FPT
(29,30). Being sensitive to switches in movement behavior, peaks in S(r)
describe spatial scales at which tortuous movement was concentrated. For
each individual movement path S(r) was calculated for r from 0 to
1500 nm to give a broad scope for measuring spatial scale. Trajectories
for which the CRWmodel was rejected were grouped according to the pres-
ence and location of a peak in S(r). Peaks were detected by a MATLAB
subroutine (38) where maxima in discrete data were detected relative to
neighboring points.Single particle tracking of LFA-1
Experimental trajectories used in the current study were previously reported
in Cairo et al. (15). Briefly, Jurkat cells, clone E6-1, were labeled with 1-mm
polystyrene beads using anti-LFA-1 antibody F(ab)0 fragments (TS1/18 or
MEM148). Cells were labeled in the presence of beads (15 min), subsequent
to any treatment with phorbol-12-myristate-13-acetate (PMA, 200 ng/mL
with DMSO, 0.1% v/v) or vehicle control (DMSO, 0.1% v/v). Cells were
nonspecifically adhered to a glass coverslip pretreated with Cell-Tak (BD
Pharmingen, San Diego, CA) by centrifugation at ~500 RPM for 7 min.
The coverslips were then carefully washed with buffer (7 times), and
mounted to a glass slide. Samples were observed by DIC microscopy
(60 oil objective, NA ¼ 1.4), and the motion of beads attached to the
surface of Jurkat cells was recorded using a high-speed video camera (Fast-
cam; Photron, San Diego, CA) at 1000 frames/s over 2–4 s. Video data were
processed usingMetamorph (Universal Imaging, Downington, PA) and con-
verted to trajectories. Trajectory data were analyzed using a custom program
written in MATLAB (The MathWorks, Natick, MA).Biophysical Journal 100(6) 1463–1472
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FIGURE 1 Experimental trajectories of LFA-1 fail the CRW model.
Mean-squared displacement (MSD) was calculated for simulated and
experimental trajectories (solid dark line), and compared to the expected
MSD curve (solid light line). Pseudotrajectories were calculated from the
trajectory data to provide the pseudotrajectory envelope (bars). MSD
curves that fall outside the envelope are considered to have failed the
CRW model (see Methods). (A) Testing the CRW model for a population
of simulated trajectories with a uniform turning angle distribution and
normal length distribution. The length distribution was based on
Biophysical Journal 100(6) 1463–1472
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Trajectories of LFA-1 fail the CRW model
We first confirmed that the observed MSD curve of a popu-
lation of simulated random walks (Brownian diffusion) fell
within a bootstrapped envelope sufficiently close to the ex-
pected MSD to be consistent with the CRW hypothesis
(Fig. 1 A). In contrast, SPT trajectories collected for
LFA-1 on resting (TS1/18 labeled, DMSO-treated) cells
(15) gave an MSD curve that was substantially below the
expected MSD curve and outside of the pseudotrajectory
envelope (Fig. 1 C). We thus rejected the CRW for the
experimental data. Failure of the CRW hypothesis suggested
that an alternative model for diffusion was required to
describe the movement of LFA-1. To rule out oversampling,
we tested undersampled trajectories derived from the LFA-1
data set. This reduced sampling did not improve the popula-
tion fit of the model (see Fig. S2). These results provided
evidence for more complex biological mechanisms
affecting LFA-1 diffusion. Based on reports in the literature,
we considered that LFA-1 could be experiencing confine-
ment due to the presence of receptor clusters (31,32,39).
To support this hypothesis, we generated simulated trajecto-
ries using a model of confinement that could occur due to
receptor clustering. Trajectories generated by this model
also resulted in a decrease in the MSD curve, and were re-
jected by the CRW model (Fig. 1 B). These results allowed
us to conclude that failure of the LFA-1 data to fit the CRW
model could be the result of confinement, although we
cannot yet rule out alternative models. We also considered
that these data were previously shown to contain macrohe-
terogeneity (15), and we therefore tested individual trajecto-
ries against the CRW model. We rejected the CRW model
for 87% of the trajectories whereas 13% were consistent
with the model and could be described by a CRW. We
then turned our attention to obtaining additional evidence
to support a role for confinement of LFA-1.First-passage time analysis identifies
confinement size in simulated trajectories
The variance of FPT, S(r), for movement behaviors is both
quantitatively and qualitatively descriptive. We first simu-
lated trajectories with confinement behavior (Fig. 2 A).
We found that intense peaks were observed in S(r), and
the position of the peak was dependent on the size of the
confinement. We also observed that as the size of theD ¼ 5  1012 cm2 s1 (number of pseudotrajectories per group,
n ¼ 50; number of pseudotrajectory groups, m ¼ 500). (B) Rejecting the
CRW model for a population of simulated trajectories with the added char-
acteristic of moving in and out of confinement zones (n ¼ 50, m ¼ 500).
The probabilities of entering or leaving a confinement zone are given by
pi¼ 0.9 and po¼ 0.1, respectively. (C) Rejecting the CRWmodel for exper-
imental LFA-1 trajectories (TS1/18 labeled LFA-1, DMSO-treated cells;
n ¼ 75, m¼ 500).
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FIGURE 2 First-passage time analysis of simu-
lated trajectories. Each curve depicts the variance
of FPT, S(r), averaged over a population of 20
trajectories. (A) Trajectories were simulated with
D ¼ 5  1012 cm2 s1 and confinement zones
with radius rc ¼ 50 nm (red), 100 nm (green),
200 nm (blue), 500 nm (magenta), and 1000 nm
(black), and probabilities pi ¼ 1 and po ¼ 0. (B)
Trajectories were simulated with D ¼ 5  1012
cm2 s1 and a transient confinement model with
probability pi ¼ 0.05 (red), 0.2 (green), 0.4
(blue), 0.8 (magenta), and 0.9 (black), po ¼ 0.1,
and rc ¼ 50 nm. (C) Trajectories were simulated
with D ¼ 5  1012 cm2 s1 and a transient con-
finement model with po ¼ 0.05 (red), 0.2 (green),
0.4 (blue), 0.8 (magenta), and 1 (black), pi ¼ 0.1,
and rc ¼ 50 nm. (D) Representative simulated
trajectories are shown and are labeled using the
same colors and a lowercase letter as above.
Scale bar ¼ 1 mm.
FPT Analysis of Membrane Diffusion 1467confinement became larger, the peak intensity decreased
and the peak width increased. In the case of confinement
that was large relative to the trajectory, the S(r) curve was
indistinguishable from a curve calculated for free diffusion.
Regardless of the mode of diffusion, any trajectory will have
an S(r) curve with a small, broad peak determined by the
average step-size of the trajectory with a height of <0.4.
Additionally, a finite trajectory will tail to zero as r encom-
passes the path. Therefore, the interpretation of confinement
from FPT should be restricted to intense peaks that can be
distinguished from free diffusion.
To explore the FPT analysis in more detail, we examined
a range of parameters that could affect confinement zone
sampling. We expected that the probability of entering (pi)
or exiting (po) the confinement zone, as well as the length
of the trajectory would be important determinants of the
S(r) curve. Simulations that varied pi and po (Fig. 2, B and
C) found that, at extremes, these parameters could partly
obscure the true size of confinement. Higher probabilities
of entry into a confinement zone and lower probabilities
of exit from a confinement zone both gave rise to increased
peak height. The position of the peaks in S(r) remained close
to the expected radius of the confinement zone for many
conditions, however in some cases the reduced sampling
of confinement led to >50% error in estimation of the
confinement zone. For the simulated conditions, we found
that confinement zones of <200 nm, and peak heights of
>0.4 could be assigned with confidence (see the Supporting
Material and Fig. S7). Based on these results, we conclude
that FPT analysis should be compared with simulations toestablish the range of confinement zones that can be confi-
dently assigned. Simulations in Fig. 2 were for trajectory
lengths of 1 s at 1000 FPS, and we confirmed that confine-
ment zones of 50 nm could be detected within trajectories
of 4 s with diffusion rates comparable to the experimental
data (D ¼ 7  1010 cm2 s1, po ¼ 0.05, and pi ¼ 0.8)
with <50% error.FPT analysis of LFA-1 diffusion identifies
changes in confinement zone size
We sought to determine the use of FPT analysis to identify
regions of confinement that may be present in LFA-1 trajec-
tories. To foster comparison with standard SPT methods, we
chose an existing data set obtained by SPT of the lympho-
cyte receptor, LFA-1 (15). We examined a set of trajectories
from these experiments for LFA-1 labeled with two different
antibody clones, TS1/18 and MEM148. Receptors labeled
by MEM148 are expected to be in an activated conforma-
tion. Previous analysis of these data found a substantial
role for cytoskeletal attachment and molecular conforma-
tion in the regulation of LFA-1 diffusion. Other studies
have suggested that the receptor is organized into clusters
on the cell surface (31). These data were found to contain
macroheterogeneity based on an MSD-based analysis (15)
and microheterogeneity as revealed by a Markov model
analysis (19), and therefore make an ideal test case for
a new mode of SPT data analysis.
The LFA-1 data set, when considered in its entirety, failed
the CRW diffusion model (vide supra). However, weBiophysical Journal 100(6) 1463–1472
1468 Rajani et al.considered that it was possible that a subset of trajectories
were described by this model. Therefore, individual trajec-
tories that passed the CRW test were grouped separately.
Trajectories that passed the CRW criteria were filtered
from the data set in the first step of the analysis. This cate-
gory of trajectories was presumed to be described by the
distribution of turning angles and lengths found within the
data, and should be lacking in any higher autocorrelation
or complex behavior. In other words, the behavior of each
of these trajectories should be described solely by the empir-
ical angle and length distributions.
For the second stepof the analysiswe calculated theS(r) for
each trajectory. Based on our simulated data,we expected that
trajectories that featured regions of confinement would
exhibit a peak in the S(r) curve with an intensity >0.4. To
automate the process, we implemented an algorithm that
identified peaks based on their height relative to neighboring
troughs (38). The algorithm identified a peak as the first
maximum in the curve that had a height of at least 0.15 rela-
tive to a neighboring trough. After peak heights and locations
were identified, trajectories with a peak intensity over the
threshold (>0.5, see the Supporting Material) in their S(r)
curve were considered further. In our analysis of TS1/18-
labeled LFA-1 trajectories on resting cells, we found that
a large number of receptors experienced confinement (n ¼
47, 63%) (Table S1). Average S(r) curves were calculated
for subsets of trajectories with similar peak position
(Fig. 3). We also examined TS1/18-labeled LFA-1 trajecto-
ries obtained on cells that were treated with PMA, a protein
kinase C (PKC) activator.We found that trajectories observed
under this condition had a reduced proportion of trajectories
found to be confined (n¼ 21, 54%) (Fig. S3). This change cor-
responded to an increase in CRW trajectories (n¼ 14, 36%).
The diffusion of LFA-1 in the control and PMA-treated
conditions was compared by calculation of an average S(r)
curve for all trajectories not classified as CRW, and that
met the threshold for confinement (Fig. 4 A). WhenA B
C
F
D
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d
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Biophysical Journal 100(6) 1463–1472compared to an FPT curve for simulations of free diffusion,
the curves for both conditions show a broad range of
confinement from 20 to 150 nm. Treatment with PMA
induces a shift in the tallest peak from ~50 to 120 nm closer
to 100–200 nm. Examination of these data as individual
trajectories confirms this broad sampling of confinement
zones (Fig. S6). Although this peak-shift may indicate an
increase in the average size of confinement regions experi-
enced by TS1/18-labeled LFA-1 on activated cells, these
values should be interpreted cautiously due to their average
intensity. The size of individual confinement zones reflects
this broad range (Fig. S6).
We chose to compare these results to trajectories of LFA-1
acquired for the activated conformation of the receptor. We
previously found that trajectories of LFA-1 acquired using
beads that label an activated epitope of LFA-1 had distinct
characteristics from trajectories using control antibody
labeling (15). Therefore, analysis of these data could provide
insight into conformation-dependent changes in LFA-1
confinement. Two sets of trajectories of LFA-1 acquired
with MEM148-labeled beads (control and PMA-treated)
were first tested against the CRW model. Again, these data
failed the CRW model when treated as a population;
however, a few individual trajectories passed the test and
these were classified separately (control, n ¼ 4, 10%;
PMA-treated, n ¼ 1, 3%). Analysis of the remaining trajec-
tories in each set was carried out by FPT, and individual
trajectories were categorized by the observed S(r) peak if
they passed the threshold (>0.5). The MEM148-labeled
integrin experienced confined diffusion on resting cells
(n ¼ 21, 54%) (Fig. S4). This proportion increased in the
case of PMA-treated cells, where confined diffusion was
the major mode of diffusion (n ¼ 23, 74%) (Fig. S5). These
differences were reflected in the average S(r) curves calcu-
lated for each data set (Fig. 4 B). The average S(r) curve
showed a large increase in peak intensity at the 0–50 nm
range for both MEM148 conditions, and in the case of theFIGURE 3 First-passage time analysis of TS1/
18-labeled LFA-1 on resting cells. Experimental
trajectories of TS1/18-labeled LFA-1 collected on
untreated cells (n ¼ 75) were classified based on
the occurrence and range of a peak in S(r), or
whether they were not rejected for CRW. For
clarity, trajectories are plotted with peaks occur-
ring within (A) 0–50 nm, (B) 50–150 nm, and
(C) >150 nm. (D) Trajectories that were not re-
jected for CRW. Individual FPT curves are plotted
in gray, and the average curve for each category is
plotted in black. (E) Collected average S(r) curves
from (A–D) are shown overlaid and are labeled
with a corresponding lowercase letter. (F) Sample
trajectories from the populations sorted into (A–D)
are shown and labeled by a corresponding lower-
case letter. Scale bar ¼ 1 mm.
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FIGURE 4 Population analysis of LFA-1 trajec-
tories based on FPT. (A) The average S(r) for all
TS1/18-labeled LFA-1 trajectories, with significant
peak height (>0.5) and for which the CRW model
was rejected, in the control (solid line) and PMA-
treated (dashed line) data sets. Both data sets had
a large proportion of trajectories for which the
CRW model was rejected, and both show apparent
FPT peaks when the average S(r) curve is calcu-
lated. (B) The average S(r) for all MEM148-
labeled LFA-1 trajectories, with significant peak
height (>0.5) and for which the CRW model was
rejected, in the control (solid line) and PMA-
treated (dashed line) data sets. Curves for simu-
lated free diffusion are also shown (filled gray)
for comparison. Distributions of peak locations
detected by FPT analysis and CRW testing are
shown for (C) LFA-1 trajectories on Jurkat cells
(MEM148 labeled, DMSO control) and (D)
LFA-1 trajectories on activated Jurkat cells
(MEM148 labeled, PMA-treated). Curves repre-
sent a population density analysis of the same
data shown in the histogram plot (67).
FPT Analysis of Membrane Diffusion 1469PMA-treated cells the height was 0.9. Interestingly, the
average curve for the control MEM148 data showed an
apparent second peak close to 200 nm, which suggested
the presence of additional macroclusters of LFA-1. Exami-
nation of the S(r) peaks from individual trajectories also
support these conclusions (Fig. 4, C and D). Trajectories of
the MEM148 epitope show a much tighter distribution of
confinement, as well as increased peak height for the
observed confinement. As a result, the average confinement
size can be estimated by calculating a weighted average of
the peak position. We found an average confinement size
of 315 7 nm based on this analysis (Table S1).DISCUSSION
Extracting details of the molecular environment experienced
by membrane receptors from trajectory data requires a
diverse toolkit. Standard methods have relied on the use of
mean-squared displacement as a tool to categorize trajecto-
ries as indicative of confined, free, and flow diffusion (3).
However, only a few methods are available to extract spatial
information from trajectory data. We have applied the calcu-
lation of the FPT for determining the size of confinement
regions within SPT data. The analysis is carried out by first
filtering trajectories that are not rejected by a model of free
diffusion, the CRW. Trajectories that fail the CRW test
require a more complex model to describe their diffusion.
Using simulations, we confirmed that the presence of
confinement zones within a trajectory can lead to failure ofthe CRW model. We then implemented an FPT analysis
that demonstrated that confinement regions can be identified
within simulated data. To explore the use of the FPTanalysis
with experimental data, we examined a set of trajectories
acquired for the diffusion of LFA-1 on T cells (15).We found
strong support for the presence of confinement zones in the
LFA-1 data, and the FPT analysis revealed significant
changes in the size and prevalence of confinement for resting
and activated cells in accord with other findings (31,32).
Single-particle tracking data are well known to contain
heterogeneity (40). Approaches to identify specific features
that lead to anomalous trajectories are needed to allow quan-
titative interpretation of these data. Heterogeneous diffusion
has been observed in a variety of biological trajectory data,
including the movement of mitochondria (41), granules
(42), vesicles (43), the MHC-I complex (44), and the a1B-
adrenoceptor (45). Strategies to handle observed heteroge-
neity range from determining the distribution of diffusion
coefficients (41), sorting using MSD analysis (45), sorting
using higher-order descriptors (46), population deconvolu-
tion (15), detection of regions of directed motion (47), and
detection of switching behavior using probabilistic models
(19,48). Each of these methods have individual advantages;
however, we sought to develop an analysis that could iden-
tify regions of confinement within individual trajectories.
An ideal method should identify confinement from both
pooled data and individual trajectories.
Quantitative detection of confinement within SPT data is
a challenging problem, and several approaches have been
used. Although the curve of MSD versus time can be usedBiophysical Journal 100(6) 1463–1472
1470 Rajani et al.to identify confined trajectories, it can be difficult to accu-
rately determine confinement sizes in experimental data
(3). Bayesian methods have been used to detect confinement
within trajectory data (49). Time series analysis has been
applied to detect confinement barriers (50). Using a combi-
nation of MSD analysis and anisotropy, Huet et al. were able
to identify transient behavior within trajectories (51). The
most prevalent method was introduced by Simson et al.,
which uses a probability calculation to identify transient
confinement zones (24). This approach successfully iden-
tifies regions of confinement; however, its implementation
relies on the optimization of three independent variables
(Lc, tc, and Sm) (20). The reliance on several independent
variables could result in degenerate solutions. An important
element of the method introduced by Simson et al. (24) is
the use of a single output parameter that indicates a change in
the mode of diffusion as a tool to reveal microheterogeneity.
A similar approach has been achieved for the presence of
flow diffusion using a speed correlation index (51). In our
use of FPT, we are able to extract confinement regions
from a single output parameter, the S(r) curve. Importantly,
this calculation does not require any optimization of addi-
tional parameters for its determination—avoiding the issue
of degenerate solutions. A potential shortcoming of the
FPT analysis is its reliance on adequate sampling time.
The ability to detect a region of confinement requires a suffi-
cient number of points both within and without the region of
confinement (Fig. 2). The calculation of FPT is computa-
tionally efficient and can be easily implemented as part of
a standard toolkit for SPT data analysis.
The identification of confinement zones in LFA-1 diffu-
sion data is consistent with previous studies using transmis-
sion electron microscopy (TEM) and near-field scanning
optical microscopy (NSOM) that find that the receptor can
participate in receptor clusters (31,52). The formation of
clusters is a critical feature of receptors that participate in
formation of the immune synapse (53,54). Integrins have
long been recognized to have increased avidity due to clus-
tering (55). In the case of LFA-1, clustering is essential for
adhesion and is dependent on cytoskeletal interactions
(15,31,55). LFA-1 clusters have been shown to be pre-
formed on cells displaying pro adhesive LFA-1. Importantly,
clusters of LFA-1 detected using TEM on these cells were in
the size regime that we detect here (<200 nm). Furthermore,
our results agree with observations using NSOM, which
found that a range of LFA-1 cluster sizes may be present
in the membrane. In studies using monocytes, van Zanten
et al. (52) identified LFA-1 clusters of 72 5 21 nm and
larger clusters of 130 nm. Notably, NSOM imaging of
LFA-1 clusters has found that LFA-1 was excluded from
lipid rafts that contain GPI-linked proteins (39). TEM and
NSOM studies of LFA-1 cluster size used fixed cells;
a distinct advantage of SPT over these methods is the use
of live cells. Our findings expand on previous results, and
suggest that LFA-1 clustering is altered on activated cellsBiophysical Journal 100(6) 1463–1472relative to resting cells. LFA-1 labeled with the TS1/18 anti-
body should be representative of several conformations of
the receptor, and these data support a shift to larger clusters
on activation. In contrast, our results with the activation
epitope, MEM148, suggest that primed LFA-1 was more
likely to be clustered, but these clusters tended to be smaller.
Together, these findings support that the presence and size of
receptor clusters within cell membranes can be estimated
from SPT data using an FPT analysis.
Receptor clustering is a ubiquitous biological mechanism
(56), however, testing for the presence of clusters can be
experimentally challenging. Current methods include TEM
(57), the use of synthetic multivalent ligands (58), flow
cytometry (59), FRET (60), and protein cross-linking (61).
The use of SPT to extract quantitative data regarding cluster
size has the advantage of analyzing intact membranes at
nanometer resolution. Future experiments will address
applications of this analysis to alternative systems that may
be expected to feature changes in confinement zones. Poten-
tial targets would include receptors known to undergo
oligomerization, including the B cell receptor (62,63), the
epidermal growth factor receptor (EGFR) (64), bacterial
chemoreceptors (65), Fc3RI (66), and components of the
immunological synapse (54). Other targets for analysis could
include components of the membrane proposed to be
included in lipid raft domains (22).CONCLUSIONS
We have implemented what we believe is a new analysis for
SPT data based on the calculation of FPT. By using FPT, we
provide a simple measure, S(r), which can be used to extract
the presence and size of confined regions within a trajectory.
To detect the presence of confinement zones within the data,
we first exclude trajectories that follow a free diffusion
model. The remaining subset is analyzed by FPT either in
aggregate or individually. The appearance of a peak in the
S(r) curve indicates the presence and size of a confinement
region. We find that analysis of LFA-1 trajectories clearly
identifies the presence of confinement zones, and these
observations are in agreement with other findings using
TEM. The FPT analysis, therefore, provides a computation-
ally simple method to identify the presence of confinement
zones in molecular diffusion and to obtain their size. This
analysis should find wide application in the study of
receptor clusters and membrane heterogeneity using
single-molecule techniques.SUPPORTING MATERIAL
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